Introduction
Spurred by the increasing complexity of financial instruments and the large losses sustained by some major institutions, market participants have acknowledged the need for a unified method to measure risk that could be useful for both regulatory reporting and internal risk management purposes. As a result of important developments in financial risk modeling, Value at Risk (VaR) and scenario analysis have progressively become best practices for assessing the total market risk exposure of institutions. They are now being used within leading financial institutions and corporations, and are supported by the Basle Committee on Banking Supervision, the Group of Thirty, the Bank for International Settlements, and the European Union.
However, trading rooms have adopted VaR more readily than asset management firms. While most asset managers are particularly proficient at measuring returns and constructing benchmarks to evaluate performance, they argue that this expertise does not extend to the measurement of risk. Indeed, asset managers view risk management in general, and VaR in particular, as being inherently at odds with their primary business mandate: taking risks Nevertheless, this situation should change rapidly, particularly for asset managers whose portfolio holdings are not transparent to investors at all times. We are particularly focusing on hedge funds, commodities trading advisors (CTAs), and other eclectic investment pools, whose private partnership structure or offshore location frees them from local regulation and disclosure requirements that apply to mutual funds and banks. For all of these, VaR could be used to communicate risk figures in simple terms, answering both regulators and investors' concerns without imposing disclosure of portfolio holdings.
Hereafter, we propose and test a practical framework for the quantification of the market and the specific risk of hedge funds and hedge funds portfolios ("funds of hedge funds"). Our model combines the style analysis approach of Sharpe (1988) with the factor push approach applied in stress testing and historical simulation. It is easy to implement, has a high explanatory power, and is not restricted by some of the assumptions that tie down traditional VaR approaches.
The structure of this article is as follows: Section 2 introduces the notions of hedge funds, market risk and VaR. Section 3 reviews the style analysis model introduced by Sharpe (1988) and its economic interpretation. Section 4 extends this model to take into consideration the various particularities of hedge funds. Section 5 suggests some applications, and Section 6 reports the results of the empirical tests. Finally, Section 7 concludes and opens the path to further discussion.
Hedge funds, Market risk and VaR
Hedge funds have been embraced by investors worldwide and are now recognized as an asset class in their own right. Originally, hedge funds operated by taking a "hedged" position against a particular event or expectation (whether an increase or decrease in value), effectively reducing risk. Nowadays, some investment funds are categorized as hedge funds, but do not actually hedge anything. Indeed, the term "hedge fund" is applied somewhat indiscriminately and beyond the scope of its original meaning. It refers to any pooled investment vehicle that is not a conventional investment fund -that is, any fund using a strategy or set of strategies other than investing long in bonds, equities, money markets, or a mix of these assets. Consequently, hedge funds are better identified by their common structural characteristics than by their "hedged" nature. These characteristics include, but are not limited to, active management, long-term commitment of investors, use of incentive fees, leverage, and broad discretion over the investment styles, asset classes and investment vehicles.
As with traditional investments, a major source of risk for hedge funds is market risk --that is, the risk that the value of a fund's assets declines because of adverse movements in market variables such as interest rates, exchange rates, or security prices. This risk can be increased by leverage, or reduced by hedging strategies. In addition, each fund has its own investment style and specific risk -that is, a risk that is independent of what the market is doing. For legal reasons, hedge fund managers have traditionally been very reluctant to disclose specifics about their operation or risks even to their own investors 1 , resulting in frequent criticisms. In addition, positions are often proprietary --external knowledge of the positions could directly impact anticipated returns. Also, many investors do not have the tools required to gauge the risk of these positions, so that simple disclosure of positions is not necessarily the best option. The solution would be of course to disclose standardized risk information, so that investors could understand precisely what risk reports contain.
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VaR collapses the entire distribution of a portfolio's returns into a single number (see Figure   1 ). It aims to do what virtually no other financial tool has ever attempted --provide a unified framework for a meaningful, easy to interpret, aggregate measure of risks for portfolios composed of complex instruments with various market sensitivities, maturity and pricing mechanisms. While the definition of VaR is broad and encompasses -at least in theory -all sources of market risk for a portfolio, actually estimating VaR can be challenging in practice.
Once the confidence level and holding period have been decided, the two next steps consist of forecasting large future movements of underlying markets and assessing the sensitivity of the portfolio to these movements. Various methods may be used, including parametric methods, extreme value estimates, or historical or Monte Carlo simulations. Each methodology has its own strengths and weaknesses 5 .
From factor models to style analysis
Measuring market risk can be summarized as (i) finding a good model for assets' returns and (ii) deriving assets' risk exposures. Several descriptive model forms have been, and continue to be, applied in analyzing the sources of projected or realized assets' returns. In the broadest, and most literal sense, most take the form of a linear factor model. 
where:
R t = the return on the asset at time t α i = the excess return (a constant) of the asset F i,t = the value of factor i at time t β i = the change in the return on the asset per unit change in factor j N = the number of factors ε t = the portion of the return on the asset not related to the N factors An analogy to the familiar relationship that quantity times price equals value provides an easy interpretation of equation (1). For a given asset, we can think of β i as the quantity of type-i risk in the asset and F i,t as the reward of type-i risk at time t. Thus, the product β i ⋅F i,t is the value of the contribution of type-i risk to the expected return of the asset at time t.
The usefulness of a factor model depends crucially on the factor(s) chosen for its implementation. Equation (1) gives no guidance as to which factors should be considered.
Selecting the correct factors to explain return dynamics is often more of an art than a science.
Several techniques for factor identification have been proposed. They range from principal component analysis (PCA) to arbitrarily specified factors within one of the following categories:
• Factors pertaining to particular observable stock (firm) characteristics, such as a market index, sector index, amount of sales, P/E ratio, market capitalization, leverage, dividend yield, trading volume, etc. Something important to remember is that the corresponding factor should affect all assets under consideration; see for instance Fama and McBeth (1973) .
• Macroeconomic factors, such as the shape or level of the term structure of interest rates, foreign exchange rates, industrial production, GDP growth, etc.; see for instance Blake, Elton, and Gruber (1995).
• Returns on relevant portfolios, which themselves capture the broader influences on the assets considered. Examples are decile portfolios sorted by size or P/E; see for instance Fama and French (1992) Popular examples of theoretical factor models based on equation (1) An interesting application of factor models is the return-based style analysis initially suggested by Sharpe (1988) . Return-based style analysis inverses the causality of multi-factor models and asserts that a fund manager's investment style can be determined by comparing its returns with the returns of a number of selected passive indices. For a given fund, the econometric model is as follows:
where R t denotes the return on the fund at time t, R i,t is the return on index i at time t, β i is a factor loading that expresses the sensitivity of the fund's returns to index-i returns, and ε i,t represents the portion of the fund's return not related to the N factors (idiosyncratic noise).
The factor loadings must add-up to one, so that they can be interpreted as portfolio weights within an asset allocation framework.
Each factor loading must also be positive in order to meet the short-selling constraint that most fund managers are subject to.
The model in equation (2) subject to the constraints of equations (3) and (4) Application of return-based style analysis has proven to be beneficial, but its results must be carefully interpreted. It is often incorrectly stated that the factor loadings correspond to the effective allocation of the fund's portfolio among the asset classes. In actuality, the most one can say is that the fund behaves "as if" it was invested using these factor loadings.
For an investor or a sponsor, return-based style analysis offers a major advantage: it allows the identification of the effective investment style of a fund, and this before obtaining end-of- Under some conditions, it is also possible to derive the asymptotic distribution for the factor loadings.
This allows for inferring confidence intervals and carrying out statistical significance tests. However, because of the constraints imposed by Equations (3) and (4) on the estimated coefficients, this is not a straightforward exercise. See for instance Gouriéroux et al. (1982) .
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Although a fund's prospectus should obviously provide this information, recent research by DiBartolomeo and Witkowski (1997) , Brown and Goetzmann (1997) funds' variations 9 . When applying the same methodology to a sample of 409 hedge funds and CTAs, the results differ dramatically. Fund and Hsieh identify five dominant styles, with two being linked to traditional asset classes (U.S. equity, and high-yield). The remaining three are dynamic trading strategies, i.e. non-linear functions of the traditional asset classes returns.
Even worse, hedge funds often follow aggressive tactical asset allocations between these classes, resulting in the style analysis model having a very low explanatory power, and therefore, a reduced usefulness.
As a consequence, Fung and Hsieh suggest adding regressors to proxy the returns of these dynamic trading strategies. In particular, they use a non-parametric form of regression to find the corresponding dynamic trading strategy to replicates hedge fund returns. They observe that a twelve-factor model -nine asset classes and three trading strategies -provides better results, and could be used to assess the performance of hedge funds. Although we entirely support their proposition, recent academic research 10 has evidence that the existence of additional factors such as, convenience yields, market momentum, and other institutional features resulted in potential arbitrage opportunities for hedge fund managers. Accounting for these additional factors, while using monthly hedge funds quotes, would lead us to important estimation problems rather than to a solution. Fund Indices offer several advantages with respect to their competitors:
Our model
• They are transparent both in their calculation and composition, and constructed in a disciplined and objective manner. Starting from the TASS+ database, which tracks over 2600 US and offshore hedge funds, the indices only retain hedge funds that have at least US $10 million under management and provide audited financial statements. Only about 300 funds pass the screening process.
9
About 73% of the funds considered have a R 2 higher than 0.80, and 56% have R 2 higher than 0.90%.
• They are computed on a monthly basis and asset-weighted. Funds are reselected quarterly to be included in the index, and in order to minimize the survivorship bias, they are not excluded until they liquidate or fail to meet the financial reporting requirements. This makes these indices representative of the various hedge funds investment styles and useful for tracking and comparing hedge fund performance against other major asset classes.
• They do not include the amount of funds of hedge funds and separate accounts. Therefore, each sub-index is mutually exclusive: this should allow the avoidance of most of the multi-collinearity problems in our regression/optimization approach.
Therefore, we suggest adapting the Sharpe (1988) return-based style analysis model by using as asset classes the nine CSFB/Tremont sub-indices, which are described in Table 1 . For a given hedge fund, our model can be written as: We therefore assume that the return (and risk) on any hedge fund can be split in two components: one explained jointly by the nine systematic factors 11 , and the other that remains unexplained. The latter consists of a constant expected component (α), plus an unexpected one (ε t ) with a zero mean and a variance denoted σ ε 2 .
Our model preserves the analytical tractability and ease of interpretation of Sharpe's model.
Rather than referring to traditional asset classes modeled by passive indices, we simply use alternative asset styles represented by indices of active funds. Therefore, for a given hedge fund, the beta coefficients can then be seen as exposures to the different CSFB/Tremont styles. The alpha coefficient is the excess return generated by the hedge fund manager, taking into account its investment style.
Let us now discuss constraints on the sensitivities from Equations (3) and (4). Should we or shouldn't we impose constraints on the hedge funds' sensitivities? Following Fung and
Hsieh's argument, we have decided to set no upward restriction on beta coefficients. The economic justification is the possibility of leverage. However, one should be cautious in interpreting a high beta, since this beta is relative to the average leverage of the CSFB/Tremont style index. In a sense, it is a relative indicator of leverage, but not an absolute one.
However, unlike Fung and Hsieh, we have decided to keep the lower boundary constraint.
Although hedge funds may take short positions, we have to remember that our underlying indices are style indices, not standard asset class indices. Therefore, having a negative exposure to a particular style could be hard to justify economically. For instance, what would mean a negative exposure to the Short Bias style?
Applications
There are several possible areas of application for our model. The return-based style analysis can be used to monitor a hedge fund manager's investment style, regardless of his claimed exposure or categorization and without necessitating periodic disclosure of the funds' assets.
This provides a useful indication as to the economic environment in which a given manager is likely to do well or poorly. It can also provide some evidence of both the probability and extent to which a particular hedge fund performance will diverge from any performance benchmarks it is measured against.
Our multi-factor analysis can also be used for performance evaluation purposes. It helps in identifying what underlying ability, skill or flare has contributed to a fund manager's performance, as opposed to what might reasonably be expected by a fund manager with average abilities adopting the same investment style. It also allows the definition of benchmarks that are based on the characteristics of the strategies applied by the funds that are evaluated, in the spirit of Daniel et al (1997) .
In the following example, we will focus primarily on a new application. Knowing the style exposure of a hedge fund, one can easily apply a two-step procedure to obtain its value at risk, that is, its maximum loss during a specified period of time at a given level of probability. The first step estimates systematic risk. Once we have mapped a hedge fund on the nine indices that constitute our risk factors, the idea is to "push" the price of each individual risk factor in the most disadvantageous direction and estimate the overall impact on the fund, accounting for risk factor correlation. This will give us the VaR due to market moves (i.e. style return moves). We call this first part the "value at market risk". In a second step, we will add up the VaR due to the specific characteristics of the fund, that we will call "value at specific risk".
Let us assume that we want a confidence level of 99% for the one-month VaR. Denoting by F i * the one percentile extreme move of index i returns over one month, the value at market risk for a fund P over one month is given by
where ρ i,j is the correlation between monthly returns of hedge fund indices i and j. This formula is inspired by the one used in the variance/covariance method (e.g. Riskmetrics). The procedure to estimate extreme moves is based on extreme value theory and detailed in the appendix.
The second step estimates specific risk. We simply define specific risk ( 2 ε σ ) as the difference between total risk (observed fund variance 2 P σ ) and systematic risk (variance due to the market, i.e. the hedge fund style). We have:
By construction, the error terms ε i,t are non-correlated and normally distributed. Since we want a 99 percent confidence level, we can apply a factor push of 2.33 times σ ε (corresponding to a 99% confidence level for a normal variable) to obtain the specific risk of a hedge fund.
The total VaR over a one-month interval is obtained by adding up market and specific risk figures, accounting for their zero correlation:
How does our VaR model compare to alternatives? VaR is nothing more than a measure of the tail of a distribution, however the key step when assessing the risk of a hedge fund is to model its return distribution. Given the scarcity of data and the low frequency of observations, performing a non-parametric estimation of a hedge fund return distribution is not feasible.
Assuming a parametric distribution does not rely on any particular economic intuition, and adhering to the standard default of a normal distribution pattern would be non-realistic, since hedge funds typically have fat tails in comparison to normal distribution (i.e. unusual and extreme events tend to occur more frequently than that implied by the normal distribution).
Therefore, we believe our methodology is superior and provides more information in terms of the fund behavior, its areas of concentration and diversification benefits, its leverage with respect to the market --and all without additional knowledge of the fund's positions. It also allows ease in applying unprecedented volatility levels or breakdowns in historical correlated markets, a critical component of the investment process of multi-manager portfolios.
Data and methodology
A major source of difficulty in constructing a hedge fund sample is the lack of performance history. The majority of hedge funds started in the 1990s as private investment partnerships, and was not required to publicly disclose their performance and assets under management.
Although this may create a selection bias, we are therefore restricted to focus solely on hedge funds that voluntarily reported their performance.
Our database is built from a series of historical quarterly snapshots from a number of hedge fund providers (Managed Account Reports, Hedge Fund Research, TASS+ and Evaluation
Associates Capital Management). In total, it contains 5,228 distinct hedge funds and CTAs, with no restriction whatsoever on their assets under management or existing time. In particular, it includes defunct funds for the time of their existence.
To be selected in the sample used for this article, a hedge fund had to fulfill additional rules:
a) The fund must have been reporting performance figures to one of the above-mentioned agencies for at least three years and one month between January 1994 12 and October 2000. b)
The fund must have been managing at least $5 million or an equivalent amount in another currency. c) The fund cannot be a managed account, but must have a legal structure (e.g. a limited partnership). This gave us a final sample of 2,934 investment vehicles, for which we computed monthly holding period returns based on net asset values expressed in U.S. dollars and accounting for eventual distributions.
We distinguish ten different investment styles, namely, Convertible Arbitrage, Short Bias, Event Driven, Global Macro, Long Short Equity, Emerging Markets, Fixed Income Arbitrage, Market Neutral, Managed Futures, and Multi-strategy. Each of these styles corresponds to a CSFB/Tremont Hedge Fund index or sub-index for which monthly holding period returns in U.S. dollar terms are available starting from January 1994. Table 2 provides the standard deviation and correlation for the CSFB/Tremont hedge fund indices.
12
The January 1994 starting date for our sample coincides with the availability of CSFB/Tremont indices.
Fitting of the style-analysis model
The mapping of a particular fund in its corresponding category was performed according to the following rule. We use a 36-month historical window to estimate Equation (5). This provides us with nine exposure parameters (i.e. betas). If any exposure to an investment style represents more than fifty percent of the total fund exposure, the fund is mapped into this investment style. Otherwise, the fund is considered as being from the Multi-strategy style 13 .
Then, we move one month forward the 36-month window and perform the same analysis using the new dataset. This allows us to capture style movements, if any. Consequently, a hedge fund can change his style on a monthly basis. -driven (12,251) . Surprisingly, very few funds confirmed their so-claimed emerging markets or global macro investment style (with 746 and 807 test periods, respectively). We also observed a large number of strategy changes throughout the life of the funds. Table 4 provides some statistics about the style regression results. The R-square corresponds to the percentage of cross sectional variation explained by our nine-index style analysis. With an average R-square value of 0.56, there is strong evidence that our style indices capture the long-term behavior of hedge funds well. This was not granted a priority, because our style indices are constructed from a small sample of funds (less than 300), which implies that most of the funds considered in our sample were in fact not included in the style indices. The best fits are observed for the investment styles that have the least test periods (e.g. emerging markets, global macro and dedicated short). This is essentially due to the presence of outliers
13
A natural consequence of this particular mapping scheme is that the existence of diversified funds of hedge funds will result in double counting the underlying investment.
in other samples, since the median R-square values are often much higher than the average values.
VaR and backtesting
We then compute the VaR according to the methodology described previously. Using the extreme moves of the style indices over the 36-month rolling window and each hedge fund sensitivities to these styles, we compute a one-month VaR figure for each hedge fund at a 99 percent confidence level, and compared it to the profits/losses realized by the fund over the next month, i.e. out of the estimation window. If the net asset value of a hedge fund experiences a drop larger than its VaR figure, the event is recorded as being an exception.
Exceptions will be used later on to determine to what extent our VaR figures are consistent with the future risk of hedge funds. Figure 4 details the number of exceptions aggregated on a month-to-month basis. In total, out of 96,549 test periods, 1,026 exceptions were observed, including 614 in August 1998
INSERT FIGURES 2 & 3 HERE

INSERT FIGURE 4 HERE
immediately after the LTCM crisis. The other major peaks observed correspond to the 1998
Asian crisis and the 2000 burst of the Internet bubble. Table 6 regroups interesting statistics about these exceptions. Panel A shows the proportion of exceptions observed year by year for each investment style. The proportion of exceptions corresponds to a binary loss function. If a loss larger than the VaR is observed, it is counted as an "exception". Each loss is equally counted, so that the magnitude of the loss does not matter so far. At time t, for a particular hedge fund, the loss function is therefore:
where VaR t is the estimated VaR for month t, and R t is the realized return figure at time t. If the VaR model is truly providing the level of coverage defined in its confidence level (1-α), then, one should observe that the average number of exceptions expressed in relative terms to be no more than (1-α).
The results from Panel A are somewhat mixed. The proportion of exceptions provides a point estimate of the probability of observing a loss greater than the VaR amount over one month and at a 99 percent confidence interval. Considered globally, the exception rate is 1.06 percent, much higher than the expected one-percent level 14 . Fixed Income Arbitrage and Event Driven funds have the highest exception rate (1.84 and 1.47 percent, respectively).
Note that these numbers have to be taken cautiously, given the longevity of the funds in our database. 
Conclusion
Since the nineties, there has been a strong increase of interest in hedge funds due to their potential for enhancing the overall risk/return profile of traditional portfolios. However, the events of the third quarter of 1998 and the subsequent collapse of LTCM have highlighted the risks associated with hedge funds and prompted strong reactions from virtually all investors.
Given the complexity involved with hedge funds strategies, there is a need for adequate tools On the computational side, our VaR model requires the estimation of extreme percentile returns of style indices (which is done once for all), and the calculation of the sensitivity coefficients of a hedge fund to style indices (which needs to be repeated for each fund). The resulting VaR can be split into a specific and a market (style) component, and the sources of the latter are also known.
Despite a relatively short observation period, we have tested our model on a large sample of hedge funds. The positive results should provide additional comfort to investment managers by indicating that the realized risks would not be significantly different from the expected ones. The major exception to the previous statement is the August 1998 month, which can be considered almost universally as a "non-representative" event.
However, despite these promising results, one should remember the definition of VaR and its limits. VaR should not create a false sense of security among fund managers, investors and bankers leading to higher leverage and larger exposure positions than would otherwise have occurred. This is definitely not the intented goal. It is important to recognize that VaR is not perfect and has limitations. It should be seen as a quantitative tool used to complement, but not replace, human judgment and market experience. Long Term Capital Management itself had a fairly sophisticated VaR system, based on historical data, to try to limit potential losses.
However, the combination of the exceptional market conditions at the end of 1998 (spreads moving many standard deviations) with excessive leverage, led to a disaster.
There are numerous directions for future research. In particular, the framework presented in this paper does not incorporate all the risk components a hedge fund investor is exposed. For instance, we have completely omitted credit and liquidity risks 15 , which are also essential parts of the full risk picture of a hedge fund.
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Appendix 1: Estimating extreme moves
The estimation of extreme moves for hedge funds indices has to be performed very cautiously, since the whole methodology relies on the resulting values. In practice, extreme moves are nothing more than lower or upper extreme quantiles of a hedge fund index return distribution. However, estimating them using traditional statistical and econometric methods is generally not feasible. First, the underlying return distribution is not accurately known, which precludes the use of parametric methods. Second, most estimation procedures are targeted to provide a good fit in regions where most of the data fall, but are ill-suited to the assessment of tail behaviours, where by definition few observations fall 16 . Third, the required estimates are often way in the tails, far beyond the boundary of the range of observed data.
Fortunately, "Extreme Value Theory" (EVT) has emerged as a powerful approach for estimating extreme quantiles and probabilities. Unlike traditional approaches, EVT focuses on extreme values data rather than all the data, therefore fitting the tail (and only the tail). There are two different, yet related, approaches to modeling extreme values. The first one consists of fitting one of the three extreme value limit laws to the maximum of a time series, and much historical work was devoted to this approach (see Gumbel, 1958) . The second one, and the one we will follow hereafter, is to consider exceedances over a given threshold.
Let r 1 , .., r N be the monthly return observations for a particular hedge fund index. These values are considered to be realizations of N independent and identically distributed random variables R 1 , …, R N . The order statistics of the sample {r 1 , ..., r N } will be denoted by R (i) , with
. We denote by F the cumulative return distribution. Let us say that we want to estimate the upper extreme quantile q α , defined by:
This also applies to nonparametric methods such as kernel smoothing.
Traditional estimation methods assume a parametric approximation F ≈ F θ , obtain an estimate To summarize, the algorithm to estimate q α is as follows. Starting from N observations, 1. Choose a high threshold u so that m observations are greater than u. Keep these m observations, and denote the obtained excess returns (r i -u) by y 1 ,.., y m .
2. For high values of u, the probability distribution of y 1 ,…, y m can be approximated by a generalized Pareto distribution, whose parameters σ and k can be estimated using maximum likelihood, method of moments or probability-weighted moments 17 .
3. The extreme quantile q α is then estimated by
In our case, N = 36,and we set arbitrarily m = 9, i.e. one fourth of the data is used to fit the extreme values distribution.
Appendix 2: Alternative parameters
In addition to computing the 99 percent one-month VaR figure as described previously, we also performed additional tests on our sample.
First, the estimation of the funds' sensitivities to the style indices was performed using an exponentially weighted regression rather than a standard OLS. The goal of this particular weighting scheme was to set more emphasis on recent errors (ε t ) rather than older ones, in order to capture faster any investment style change from the fund manager, if any. The exponentially weighted average approach with a fixed weight parameter has been promoted fairly heavily by JP Morgan in their RiskMetrics (1996) package.
Second, in addition to 99 percent, we set the VaR confidence level at 97.5 and 95 percent.
Remember that the choice of a particular confidence level depends very much on the application and users: internal risk management, external supervisory agencies, and financial statement users (VaR as a performance measure). A high confidence interval will ensure that alarms are not set off too frequently, while a lower level of VaR may be more appropriate to trigger more frequent discussions.
None of these "improvements" provided significantly different results with respect to the ones we reported in this paper. Using an exponentially weighted regression did not change much the funds' style exposures or the VaR figures, and changing the VaR confidence level sensibly increased the number of exceptions. Invest in the convertible securities of a company. A typical investment is to be long in convertible bond and short in stock of the same company.
Dedicated shortbias
Maintain consistent net short (or pure short) exposures to the underlying market.
Emerging markets Equity or fixed income investing in emerging markets around the world Market neutral Exploit equity market inefficiencies by being simultaneously long and short matched equity portfolios of the same size within a country.
Event-driven Equity-oriented investing designed to capture price movement generated by an anticipated corporate event (merger, acquisition, distressed securities, etc.)
Fixed-income arbitrage
Profit from price anomalies between related interest rate securities.
Global macro Leveraged views on overall market direction as influenced by major economic trends and/or events.
Long/short equity Equity-oriented investing on both the long and short sides of the market, with an objective different from being market neutral. The figure illustrates the methodology used to compute and back-test our VaR figures. All the data available during the observation window is used to "forecast" the VaR at a 99 percent confidence interval over a one-month holding period (VaR 99%, 1M ). This value is compared to the realized return of the following month (R 1M ). Then, both the "rolling observation window" and the "test period" are shifted forward by one month, and the whole process starts again. This table shows the average and the volatility of the value at market risk (VaMR), value at specific risk (VaSR) and value at risk (VaR) over time and split by investment style. All numbers are expressed as percentages of net asset values, and calculated using a one-month holding period and a 99% confidence interval. This figure shows the results obtained from back-testing the VaR for a single hedge fund on a monthly (rollover) basis. In this example, the fund experienced two exceptions during the 1998 crisis. An exception is defined as a situation when within a month, the net asset value of a fund drops by more than the forecasted VaR at the end of the previous month. This table shows the proportion of exceptions and their magnitude for each investment style from January 1997 to October 2000. An exception is defined as a situation when, within a month, the net asset value of a fund drops by more than the forecasted VaR at the end of the previous month. The absolute magnitude is expressed as a percentage of the net asset value. The relative magnitude is expressed relative to the forecasted VaR (loss to VaR ratio). This figure shows the number of exceptions observed during each month from January 1997 to October 2000. An exception is defined as a situation when, within a month, the net asset value of a fund drops by more than the forecasted VaR at the end of the previous month.
